Abstract-We present optical imaging-based methods to measure vital physiological signals, including breathing frequency (BF), exhalation flow rate, heart rate (HR), and pulse transit time (PTT). The breathing pattern tracking was based on the detection of body movement associated with breathing using a differential signal processing approach. A motion-tracking algorithm was implemented to correct random body movements that were unrelated to breathing. The heartbeat pattern was obtained from the color change in selected region of interest (ROI) near the subject's mouth, and the PTT was determined by analyzing pulse patterns at different body parts of the subject. The measured BF, exhaled volume flow rate and HR are consistent with those measured simultaneously with reference technologies (r = 0.98, p < 0.001 for HR; r = 0.93, p < 0.001 for breathing rate), and the measured PTT difference (30-40 ms between mouth and palm) is comparable to the results obtained with other techniques in the literature. The imaging-based methods are suitable for tracking vital physiological parameters under free-living condition and this is the first demonstration of using noncontact method to obtain PTT difference and exhalation flow rate.
The first one is optical detection of a person's finger pressed against the devices or the cameras built in the mobile devices to perform PPG [6] . While useful, this approach requires steady physical contact of one's finger with the PPG devices [7] , [8] or the cameras, which makes it impractical for continuous monitoring of the physiological signals under free-living conditions. The term "free-living" refers to conditions under which the measurements taken require no special attention or action from the user and there is no inconvenience caused by any extra physical burden. Another optical approach is based on noncontact mode [9] . Heart and breathing rates were obtained from the images of faces [10] , [11] , upper arms [12] , and palms [13] recorded with digital cameras, including smartphone cameras [14] and webcams. In addition to heart and breathing rates, heart rate variability (HRV) was also analyzed [15] , [16] from facial videos. More recently, a near-IR enhanced camera was used to obtain HR from a subject's facial area and breathing rate from the subject's chest area [17] .
Despite the attractive features of imaging-based noncontact approach, the signals extracted from the images contain noise from various sources [18] . To combat the noise issue, Poh et al. [15] , [16] used an independent component analysis (ICA) method that separates a multivariate signal into additive subcomponents by assuming the mutual statistical independence of the non-Gaussian source signals. Using ICA, they demonstrated the detection of HR, which typically varies between 0.8 and 3 Hz. Verkruysse et al. [10] determined a movement artifact map by averaging the powers at bandwidths around the HR. These efforts helped to minimize unwanted noise in the measured HR signals. However, it is much more challenging to track breathing pattern, especially breath-by-breath, because breathing frequency (BF) is much lower than the HR. In a typical ambient environment, low frequency noise, particularly noise associated with body movement, is much greater than noise at high frequencies. This paper describes new methods for noncontact monitoring of several physiological signals in real time by maximizing the signals and minimizing the noise due to unwanted body movement. In addition to HR and BF, we also obtained the exhalation volume flow rate and cardiac PTT. Exhalation flow rate is an important physiological parameter and proportional to a subject's metabolic rate [19] . PTT is related to blood pressure as well as pulse wave velocity (PWV), and is an indicator of cardiovascular parameters, such as arterial elasticity and stiffness [20] , [21] . Traditionally, PWV has been measured using a galvanometer [22] and ultrasound techniques [23] , [24] . Recently, PTT was determined by performing simultaneous ECG and PPG [25] [26] [27] . Babchenko et al. [28] used contact pulse oximetry to determine the PTT difference between left index finger and left second toe. The PTT difference is related to the change in arterial distensibility due to epidurally induced sympathetic block. The acquisition of PTT related information has the potential to measure parameters that can help diagnose cardiovascular diseases. This paper demonstrates the first noncontact optical imaging method to determine PTT difference, along with breath-by-breath breathing pattern and exhalation flow rate. Since the method presented in this paper does not require contact with the subject's body or any extra devices to measure PTT and exhalation flow rate, it has the advantage of providing an easy and burden-free way to measure these parameters when compared to the currently available methods which, to the best of the authors' knowledge, are mainly contact based. Finally, we carried out a small-scale pilot study on subjects with different profiles to demonstrate the robustness of the methods.
II. METHODS
We monitored multiple physiological signals, including HR, BF, exhalation flow rate and PTT, by processing images, that were captured with digital cameras, using different algorithms. For example, we detected HR and PTT by tracking the image intensity change of the subject's skin, BF and exhaled breath volume (VE) by tracking the subtle body movements associated with breathing. We describe detailed algorithms and methods below.
A schematic illustration of the experimental setup is shown in Fig. 1 . Different digital cameras, including Logitech colored Webcam (HD 720p), Pike black and white camera (F-032B) and Pike color camera (F-032C), were used to capture videos of each subject's face, palms, and upper body. These cameras (colored or black and white) have different inherent noise, but they all produced satisfactory results in terms of determining the physiological parameters. The videos were taken indoors under ambient light condition, using ordinary 60 W fluorescent lamps at a height of 5 m for illumination. More controlled light sources, including LEDs and desk lamps, were also used, but no evident improvement in the signals was detected as they all provided sufficient illumination of the subjects. The subjects were asked to sit at a distance of approximately 50 cm from the camera lens. As long as good quality and clear focus were guaranteed for the image, distance between the camera and the subject did not affect the signals within a range of 30 to 80 cm. All the videos and data were analyzed with a Matlab-based user interface. The user interface was able to show the live video of the user, allow the selection of ROIs, perform signal processing of the data in the ROIs to determine the heartbeat and breathing signals independently, and display the results in real time. The test results were also saved in Matlab format files that can be used for further data analysis, e.g., for PTT difference estimation.
For heartbeat monitoring, a video of a study subject's face was recorded for typically 30 s in each experiment and fast Fourier transform (FFT) was performed on the intensity signal averaged over all the pixels in each selected ROI to obtain the frequency spectrum of the detected physiological signal. Note that longer recording times may produce better results, but make the process less user-friendly due to longer testing duration required.
Unlike HR monitoring, the breathing pattern was determined by detecting and analyzing the body movement associated with breathing. Different parts of the body move with breathing differently. Chest and abdomen may have the largest movement with breath [17] , but these regions are not easily accessible to camera for imaging under natural and free-living conditions. For this reason, the face, the neck, and upper body are preferred as sites for measuring breathing pattern. A region of 40 × 40 pixels around the edge of shoulder was selected to be the ROI for breathing detection [ Fig. 2 ] (left panel). The ROI size was chosen after considering an optimal size that was large enough to capture the complete range of possible shoulder movement due to breathing activity while at the same time was sufficiently small so that it could still sensitively track small shoulder movements due to breathing. Then the derivative of the ROI was taken along vertical direction to obtain a differential image of the ROI. Shoulder edge in this differential image was revealed as a bright line [ Fig. 2 
] (right panel).
The line location indicates the position of the shoulder edge. To accurately determine the shoulder position, the differential image of the selected ROI was divided into two equal portions along the shoulder edge. The derivative of the ROI of the top portion is referred to as dA and that of the bottom portion as dB. When the shoulder moves up and down with breathing, dA increases (or decreases) and dB decreases (or increases). The vertical movement of shoulder can be determined by
The difference, dA − dB, in (1) is sensitive to the vertical movement and is immune to common noise in dA and dB. Dividing dA − dB by dA + dB further reduces noise associated with the intensity fluctuations of the light source. For example, if the light changes, dA and dB will change in a similar way, and the normalization will remove the effects of light intensity instability. dI is calculated for every frame, and plotted against time after applying a low-pass filter with a cut-off frequency of 2 Hz.
The accuracy of breathing pattern measurement may be affected by large body movements unrelated to breathing during these measurements. We implemented a motion-tracking algorithm to correct such motion artifacts based on the phase correlation method [29] . The algorithm checked the shift of the ROIs due to the body movement approximately every 2 s and corrected it by updating new locations of the ROIs [ Fig. 3 ]. Suppose the original location of one pixel was (x, y), the updated location would be
where shift_x and shift_y were the location differences along the horizontal and vertical directions calculated by phase correlation method. In this paper, noncontact optical imaging method was also used to determine PTT related information. The variations in PTT of different body parts were obtained by analyzing the time difference of PPG signals measured simultaneously for these parts. The PTT difference (more details in Section III-D) can be obtained from the time difference between the peaks of two PPG signals in the same heartbeat cycle. Fig. 4 is a representative plot that depicts the method to calculate PTT difference To validate the heartbeat and breathing pattern measurement results, we carried out simultaneous measurements of the physiological signals with different reference technologies. For HR measurement, we used a Zephyr ECG. The HR was measured in beats per minute (BPM) and the ECG raw data can be obtained from output files generated by Zephyr. For breathing pattern measurement, we used two reference technologies, viz., a Zephyr wearable device and an Oxycon metabolic analysis instrument. The Zephyr device used a movement sensor integrated in a belt wrapped around the user's chest and reported user's breathing rate in BPM. Since the Zephyr device does not provide exhaled breath volume data, the Oxycon instrument was used to measure both breathing frequency (unit: BPM) and exhaled breath volume (unit: L) via a turbine flow meter attached to a mask worn by the user. To validate PTT results, we used several feature extraction algorithms, and EPIC motion sensors (PS25451).
III. RESULTS AND DISCUSSION

A. Heartbeat Monitoring
Using the methods described in Section II, the FFT spectrum of the ROI revealed the heartbeat signal as a peak at a frequency corresponding to the HR. In order to optimize the signal-to-noise ratio (SNR), the results of red, green, and blue channels were compared, and the green channel was found to give the largest peak amplitude in the FFT spectrum, which corresponds to the strongest heartbeat signal [see Fig. 5(a) ]. One of the possible reasons is that oxygenated hemoglobin absorbs green light more than red and penetrates deeper into the skin compared to blue light. This finding is supported by previous reports [10] . Since the SNR may also depend on the selection of ROI, we extracted the peak amplitude from each pixel and plotted it on a colormap to analyze the variation of the heartbeat signal in different regions of the face [see Fig. 5(b) ]. The regions around lips and nose have larger heartbeat amplitudes, which is consistent with the fact that these regions have more blood vessels. Note that eye regions and face edges also appear to have large heartbeat amplitudes, which are due to body movement, rather than real heartbeat signals. This conclusion is supported by the SNR colormap, obtained by normalizing the peak amplitude of each pixel in the FFT spectrum with the noise level near the peak (4). The noise is defined as the average power of the noise spectrum around the HR peak SNR = peak amplitude at HR noise .
The SNR colormap shows that the regions around the eyes and edges of face have rather low SNR values [see Fig. 5(c) ].
The signal analysis described earlier allowed us to conclude that the region around the lips gives the strongest and the most stable heartbeat signal. For real-time determination of HR, we thus selected the region around the lips with an ROI size of 40 × 80 pixels, and analyzed the green channel of the ROI for heartbeat detection. The green channel signal was first averaged within the ROI and then processed by a low-pass filter with a cutoff frequency of 2 Hz. Background noise at high frequency was removed accordingly. Fig. 5(d) shows the heartbeat signal thus obtained. As mentioned earlier, a Zephyr wearable device was used to obtain heartbeat waveforms as a reference to validate the results. The HR calculated from the ECG measured by Zephyr is comparable to the HR obtained with our methods. Both of these are about 1 Hz, as shown in Fig. 5(e) .
B. Breathing Pattern Monitoring
An example of breathing waveforms obtained with the method described in Section II is shown in Fig. 6 . A region of 40 × 40 pixels around the edge of each shoulder was selected to be the ROI for breathing detection [see Fig. 6 ] (left panel). The downhill cycles correspond to exhalation periods when the thoracic cavity is shrinking and the shoulders move downward, whereas the uphill cycles correspond to inhalation periods when the thoracic cavity is expanding and the shoulders move upward. The breathing patterns obtained from the left and the right shoulders are consistent with each other [see Fig. 6 ] (right panel).
To further demonstrate the reliability of the method for realtime monitoring of breathing pattern, the subject was instructed to change breathing pattern intentionally. Initially, the subject breathed normally for six cycles, followed by four cycles of deep breathing and then eight cycles of rapid breathing. The results shown in Fig. 7 demonstrate that our method successfully captures the breathing pattern variations.
The effectiveness of the motion-tracking algorithm is shown in Fig. 8(a) , which compares the results with and without the motion-tracking algorithm. Without applying the motiontracking algorithm, the measured breathing signal was overwhelmed by the body movement. In contrast, the breathing pattern was clearly observed after the implementation of the motion-tracking algorithm. The algorithm worked effectively since the breathing-related body movement of the shoulders has small amplitude and is primarily in the vertical direction, which is different from the relatively large body movement that may occur in all directions and at different time scales from regular breathing.
The breathing pattern measured with our image processing method results in signal waveforms that are consistent with those obtained using the Zephyr [see Fig. 8(b) ] and the Oxycon [see Fig. 8(c) ] devices in terms of both BF and relative breathing amplitude.
C. Determination of Exhaled Breath Volume Flow Rate
The amplitude of the breathing-related shoulder movement is associated with the exhaled breath volume per breathing cycle, or VE. The relationship was examined by plotting the amplitude versus exhalation flow volume obtained with the Oxycon instrument. Six tests were carried out, and in each test, the subject changed the exhalation rate. Fig. 9 shows a plot of the breathing amplitude (from the differential signal, dI) of the tests versus the exhaled breath volume obtained with the Oxycon instrument, which shows linear relationship (R 2 = 0.81) between dI and the exhaled breath volume.
The exhalation flow rate can be calculated by dividing the exhaled breath volume by exhalation time exhalation flow rate = exhaled breath volume exhalation time .
This observation demonstrates a method to remotely determine exhalation flow rate under free-living condition. Fig. 9 . Correlation between the exhaled breath volumes obtained from the differential detection method and the commercial device, Oxycon. In the differential detection method, the exhaled breath volume is taken from the shoulder movement, or dI. Data from six tests can be fit with a linear curve. For every unit of dI, the volume change is about 0.15 L. 
D. Pulse Transit Time
We detected the PTT delays among different body parts. In Fig. 10(a) , the PTT from heart to mouth, and to left and right palms are indicated by t1, t2, and t3 independently. The ROI selections of three parts from the video sample are shown in Fig. 10(b) as three rectangles with different colors. Fig. 10(c) shows the PPG signals obtained from the ROIs. Time delays were found between PPG signals from different parts of body in every heart cycle. The PPG signal detected from mouth area (blue curve) arrived earlier than the PPG signals detected from the two palm areas (red and green curves). A sample of the delay is shown in Fig. 10(c) to illustrate PTT difference between mouth and palm. PTT difference was not obvious between left and right palms, which is consistent with the observation by Jago and Murray [25] with a contact method.
Several signal processing algorithms were evaluated to determine the PTT difference among different body parts. The first algorithm was based on comparing peak locations of different PPG signals by linear curve fitting method (see Fig. 11 ). Matlab function "polyfit" was used to predict a linear curve from the observed signal
In (6), p1 and p2 are the coefficients of the first order polynomial p(t) that fits to the detected PPG signal. Fig. 11(a) is an original PPG signal sample obtained from one subject. One heartbeat cycle (indicated by red dashed rectangle) was selected for further analysis. The peak location of the selected signal was estimated by fitting two linear curves on the rising (left part) and falling edge (right part) of the signal [see Fig. 11(b) ]. The point of intersection (indicated by the green arrow) of two linear curves is the estimated peak location. PTT differences were determined by comparing the peak locations of PPG signals obtained at different body parts (e.g., mouth and palm).
Nine tests conducted on one subject were analyzed to obtain the average value of PTT difference between mouth and palm areas (see Table I ). PTT difference for each test was an average result from all the available heartbeat cycles in that time period. Each test lasted for 30 s.
Matlab functions "findpeaks" and "xcorr" were also used to estimate the PTT difference value. Function "findpeaks" provides the peak location of the input data by searching for the local maximum value of the sequence. Function "xcorr" realizes phase shift estimation between two signals by taking their convolution and searching for the delay that gives the largest convoluted result. However, the standard deviations of the calculated PTT differences obtained from these two methods were higher than the standard deviation obtained from the first one (linear curve fitting method). Therefore, the first method was used to estimate the PTT differences among different body parts. Test results in Table I show that the PTT difference between palm and mouth is about 30 ms. The results are consistent with the values of PTT difference between ears and fingers reported by other researchers [23] [24] [25] . The accuracy of PTT difference calculation can be further improved at faster video frame rates (current value is 120 frames/s) that help to provide more accurate PPG peak locations.
E. Small-Scale Pilot Study
To demonstrate the robustness of the developed methods to monitor physiological signals, a small-scale pilot study was conducted for statistical analyses. Ten subjects were enrolled in the Institutional Review Board (IRB) study approved by Arizona State University. The subjects were of different genders (six males, four females), age (27.3 ± 4.5 years old, mean ± SD), ethnic profiles and skin colors. Informed consents were obtained from all subjects following approved protocol.
Bland-Altman plots were used to compare presented physiological signal detection methods with reference technologies. Fig. 12 shows the Bland-Altman plot for HR detection. The differences between presented noncontact method and a commercial pulse oximetry (y-axis) were plotted against the average of the two methods (x-axis). The mean difference was 0.86 bpm with 95% limits of agreement (±1.96 standard The calculated values were based on linear curve fitting method. The average PTT difference between mouth and palm areas was about 35 ms from mouth to left palm and 37 ms from mouth to right palm. deviation) at −2.47 bpm and 4.19 bpm. The root-mean-square error (RMSE) was 1.87 bpm and r was 0.98 (p < 0.001). Fig. 13 shows the Bland-Altman plot for breathing rate detection. The differences between presented noncontact method and Zephyr (y-axis) were plotted against the average of the two methods (x-axis). The mean difference was 0.02 breaths/min with 95% limits of agreement (±1.96 standard deviation) at −2.40 breaths/min and 2.45 breaths/min. RMSE was 1.20 breaths/min. and r was 0.93 (p < 0.001). Both the presented method and the reference technologies can introduce errors in the test results. For statistical analyses, p < 0.05 is considered to be a significant correlation between the two compared methods. We, therefore, concluded that the overall error rates were acceptable.
Pilot study was also conducted for PTT difference calculation. Ten tests were conducted on four subjects. The average PTT difference between mouth and palm areas was about 30-40 ms (see Table II ).
IV. CONCLUSION
We have demonstrated optical imaging-based methods for noncontact monitoring of various physiological signals, including BF, exhalation flow rate, HR and PTT, by detecting facial color changes associated with blood circulation and body movement associated with breathing. By implementing differential detection and motion-tracking algorithms, we have accurately tracked the BF and exhalation volume flow rate, which are robust against moderate body movements unrelated to breathing. The physiological signals measured by the imaging methods are consistent with those obtained using reference technologies. We have also demonstrated for the first time that the difference in PTT can be determined with a noncontact imaging method and the results are comparable to those reported by other literature. Furthermore, we carried out a small-scale pilot study involving subjects of different ethnic profiles, sex and ages to demonstrate the basic principle of our optical imaging methods.
The imaging method requires only ambient light using lowcost CMOS imagers (e.g., webcam), which is suitable for tracking physiological parameters under normal indoor conditions. The method can be readily adapted to various mobile platforms with a built-in camera, such as cell phones, tablets, etc. The use of personal mobile devices reduces the privacy concerns associated with imaging-based detection. Because the approach is noninvasive, an additional benefit is that the results truly reflect the person's health status, reducing the known "white coat effect"-a phenomenon in which patients exhibit elevated blood pressure in a clinical setting. The noncontact imaging method also has the potential to measure more physiological parameters such as blood pressure, blood oxygen saturation, and PWV. Our current experiments were all conducted with the subject sitting on a chair. The subject was allowed moderate movements. We anticipate challenges if the subject has significant movements. However, we also believe that more accurate motion-tracking algorithms can be created in the future to overcome the limitation of current method. Nevertheless, our current algorithms provide accurate tracking of multiple physiological parameters for people who sit relatively still (e.g., watching TV, reading books and working on a computer).
